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Introduction
The research on amines used for CO 2 capture by absorption has recently focused on proposing novel solvents or solvent blends that can lead to lower energy requirements in the regeneration process. In this context, the reactive absorption of CO 2 by tertiary amine solutions has been investigated. As first proposed by Donaldson and Nguyen (1980) , tertiary amines promote the reaction of hydration of CO 2 , leading to bicarbonate formation. The heat of formation of bicarbonates is lower than that of carbamates (formed when using primary and secondary amines). Part of the steam required for amine regeneration stems from the heat of absorption of CO 2 into the desired amine solution. Kim and Svendsen (2011) have shown, in a study involving primary, secondary and tertiary amines, diamines, triamines and cyclic amines, that the tertiary amines give the lowest heats of absorption. If this can be combined with high equilibrium temperature sensitivity and thereby a low requirement also for stripping steam, this could constitute a major improvement to the absorption process. Blends of amines and phase change solvents are promising concepts when it comes to improving the performance of the for CO 2 absorption process (Aleixo et al., 2011; Raynal et al., 2011) . Liebenthal et al. (2013) show that capturing CO 2 using the phase changing blend of N,Ndiethylethanolamine (DEEA) and 3-(methylamino)propylamine (MAPA) can lead to lower energy requirements than the MEA process. The 5M DEEA 2M MAPA blend forms two phases upon CO 2 loading, and after separation almost all the CO 2 is present in the lower phase, which is also rich in MAPA. The upper phase consists mainly of DEEA and needs not to be sent to the stripper (Ciftja et al., 2013) . Regenerating only a fraction of the solution can lead to lower operational cost on the stripping side of the process. More details on the process are given by Liebenthal et al. (2013) .
This work focuses on DEEA, a tertiary alkanolamine. First, vapour liquid equilibrium data for CO 2 loaded aqueous solutions of DEEA are presented. Then, data for pure DEEA and the binary system H 2 O-DEEA presented by Hartono et al. (2013) are represented by a model correlating the activity coefficients with the NRTL model (Renon and Prausnitz, 1968 ). This information is used for deriving an equilibrium model for the ternary system. The model is shown to represent the experimental data well.
As the DEEA-CO 2 -H 2 O is an electrolyte system, the electrolyte non-random two-liquid (eNRTL) model described by Chen and Evans (1986) is applied for calculating activity coefficients in the liquid phase. The eNRTL is an excess Gibbs energy model and has a large number of parameters which need to be fitted using experimental data. For this purpose the particle swarm optimization (PSO) algorithm (Kennedy and Eberhart, 1995) . The PSO is a nongradient based method and does not require initial guesses to start the optimization. The algorithm is initialized randomly, and has a random component in generating new candidate solutions. In this way it is able to escape local minima in the search for the global minimum.
The equilibrium model allows for simulating the regeneration of the solvent, thereby providing a measurement for the energy demand of the process. Experimental heat of absorption data presented by Kim (2009) are used to validate the predictions of the model.
Because the eNRTL is a local composition model, the interaction parameters estimated in this work are valid regardless of the composition of the solvent. Hence, obtaining a good model for the DEEA-CO 2 -H 2 O contributes to modeling the blended DEEA-MAPA-CO 2 -H 2 O system.
2.
Materials and Methods DEEA (CAS no. 100-37-8, purity ≥99%) was provided by Sigma-Aldrich and used without further purification. The aqueous solutions were prepared by dilution with distilled water. CO 2 (purity 99.99%) and N 2 (purity 99.6%) were provided by AGA Gas GmbH.
Low temperature equilibrium measurements
Vapor Liquid Equilibrium (VLE) data were measured for CO 2 loaded DEEA solutions. Data from 40ºC to 80ºC at atmospheric pressure were measured using a low temperature atmospheric vapor-liquid equilibrium apparatus, designed to operate at temperatures up to 80ºC.
The apparatus consists of four 360 cm 3 glass flasks, placed in a thermostat box. The apparatus and the experimental procedure are detailed by . A scheme of the set-up is shown in Figure 1 . Kennedy and Eberhart (1995) geometries. However, variable random topologies are preferable, since they are shown to be more robust than fixed topologies (Ghosh et al., 2012) . While the lbest topology is better suited to avoid local minimums, its convergence is slower than the gbest topology (Poli et al., 2007) . In this work, the lbest topology with variable random neighbourhood is chosen.
The PSO algorithm can be described in 8 steps.
Step 1: Define the size of the set of candidate solutions vectors (swarm size, n s ), the inertia weight ( ), parameters 1  and 2  , the number of maximum iterations, the tolerance and a probability threshold.
Step 2: randomly initialize the candidate solutions vectors (particles, i p ) with values within a predefined range,
where n is the number of parameters to be optimized.
Step Step 7: Update the parameter values ("positions") and velocities (equations 1 to 3).
Step 8 
Thermodynamic equilibrium modelling
The phase equilibrium between vapor and liquid phase can be expressed by equation 4 (Austgen et al., 1991 In the Peng Robinson EoS model, the parameters of binary interaction between the molecules are set to zero, while their critical properties are retrieved from Yaws and Narasimhan (2009) . The error generated by setting the interaction parameters to zero is compensated by regressing the parameters of the activity coefficient models against the experimental data.
In the e-NRTL model, the excess Gibbs energy is described as a sum of two contributions:
short range and long range interactions (Chen and Evans, 1986) . The long range interactions are due to electrostatic forces and are therefore only present in electrolyte systems. This work adopts the model presented by Austgen et al. (1989) , in which the long-range term is represented by a Pitzer-Debye-Hückel term corrected by a Born term.
The short range interactions are described as function of non-randomness and energy parameters, which may vary with temperature. The expressions for calculating the activity coefficients as a function of these parameters can be found in Renon and Prausnitz (1968) , for the NRTL model and in Chen and Evans (1986) , for the electrolyte version. In this work, the PSO algorithm is used for fitting the parameters
H 2 O-DEEA System
The unloaded aqueous DEEA system was assumed to be non-reactive; therefore, the NRTL model (Renon and Prausnitz, 1968 ) was chosen to model the activity coefficients in this binary system. VLE data presented by Hartono et al. (2013) and excess enthalpy data from Mathonat et al. (1997) were taken into account in the regression of the model parameters.
The non-randomness parameters of the NRTL model were optimized together with the energy parameters. As in Hessen (2010) , the energy parameters were given a temperature dependency as shown by equation 6.
As can be seen from Figure 3 , the model is able to represent well both pressure and excess enthalpy data. In Figure 4 , the pressure data at low DEEA concentration are presented in detail. It is possible to observe that the model also predicts the azeotropes formed in the low DEEA concentration region. The objective function used is presented in equation 7 (Weiland et al., 1993) .
where N is the number of experimental points, k  is an experimental value and k  is its value as predicted by the model. 
The DEEA-H 2 O-CO 2 system
The loaded aqueous DEEA system was modelled as a reactive system and the e-NRTL model (Chen and Evans, 1986 ) was chosen to model the activity coefficients. The VLE data presented in this work were taken into account in the regression of the model parameters.
According to Hessen et al. (2010) , the non-randomness parameters of the e-NRTL model were fixed as 0.2 for the H 2 O-salt pairs and as 0.1 for amine/CO 2 -salt pairs. The moleculemolecule non-randomness parameters were fixed at 0.2, apart from the H 2 O-DEEA and DEEA-H 2 O parameters which were optimized as described in the previous section. The temperature- The parameter values are given in Table 6 .
As first proposed by Donaldson and Nguyen (1980) , tertiary amines promote the reaction of hydration of CO 2 , leading to bicarbonate formation, as in equation 6 2 2 3
DEEA H O CO DEEAH HCO
The reactions taking place in the system are described as follows:
Equation 6 Table 5 .
In a first attempt, all the data presented in this work were used in the optimization of the eNRTL parameters. The obtained AARD were 18.6% for partial pressure of CO 2 and 10.2% for total pressure data. However, a great deal of the deviation is due to the scatter of the data at very low loadings. This is explained by the high relative uncertainty in the loading value itself in this region, since the errors in the analytical method used to determine the amount of CO 2 are high when the CO 2 content is low.
In order to ensure that the model is not greatly affected by the uncertainties, a second regression was performed taking into consideration only the points with loading equal to or higher than 0.02. This led to a considerable reduction in the obtained AARD: 15.5% for partial pressure of CO 2 and 8.1% for total pressure. The data removed in this second optimization are indicated in Table 1 to Table 4 with a star. The results shown in Figure 6 and Figure 7 are related to this second optimization. The data not used in the optimizations are also included. [kJ.mol [kJ.mol Asymmetric reference state, fitted in this work using data from Hamborg and Versteeg (2009). 3 Fitted in this work using data from Hartono et al. (2013) 
